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CLASSIFYING FACIAL EXPRESSIONS
USING EYE-TRACKING CAMERAS

BACKGROUND

[0001] Immersive virtual reality (VR), augmented reality
(AR), or mixed reality (MR) systems typically utilize a head
mounted display (HMD) that presents stereoscopic imagery
to the user so as to give a sense of presence in a three-
dimensional (3D) scene. A typical HMD is designed to
produce a stereoscopic image over a field-of-view that
approaches or is equal to the field-of-view of a human eye,
which is approximately 180°. For example, the field-of-view
of commercial HMDs is currently 100-110°. Multiple users
can interact with each other in the same 3-D scene produced
by an immersive VR, AR, or MR system. For example, users
can interact with each other using 3D video conferencing,
while co-watching movies or YouTube videos in a virtual
theater, taking a virtual hike through a region in Google
Earth, or while sitting in a virtual 3D classroom listening to
a lecture by a (real or virtual) professor. Users in a 3-D scene
can be represented using captured images of the user or
avatars that represent the user. For example, immersive VR,
AR, or MR systems can use a camera to capture images of
the users, which are then inserted into the virtual 3-D scene.
For another example, an avatar that represents the user can
be inserted into the virtual 3-D scene. In either case, facial
expressions are not easily conveyed by the representation of
the user. The HMD occludes a large portion of the user’s
face that includes the user’s eyes, which makes it difficult to
convey emotion in captured images of the user, and the
expression on the face of an avatar does not typically convey
the actual emotional state of the corresponding user. Occlu-
sion by the HMD also limits the possibilities for evaluating
the response of the user to the VR content.

BRIEF DESCRIPTION OF THE DRAWINGS

[0002] The present disclosure may be better understood,
and its numerous features and advantages made apparent to
those skilled in the art by referencing the accompanying
drawings. The use of the same reference symbols in different
drawings indicates similar or identical items.

[0003] FIG.1 is a diagram illustrating a processing system
that is configured to infer labels of emotions corresponding
to facial expressions of the user according to some embodi-
ments.

[0004] FIG. 2 illustrates a display system that includes an
electronic device configured to provide virtual reality (VR),
augmented reality (AR), or mixed reality (MR) functionality
via a display according to some embodiments.

[0005] FIG. 3 illustrates a set of facial expressions of a
user that can be inferred using a machine learnt algorithm
according to some embodiments.

[0006] FIG. 4 illustrates a process of inferring a label of an
expression based on an image of a portion of the user’s face
that is visible to eye tracking sensors in an HMD worn by the
user according to some embodiments.

[0007] FIG. 5 illustrates a set of avatars that are modified
to reflect an inferred expression of the user according to
some embodiments.

[0008] FIG. 6 is a flow diagram of a method of training a
machine learnt algorithm to infer labels of expressions in
images of one or more users captured by an eye tracking
sensor according to some embodiments.

Nov. 1, 2018

[0009] FIG. 7 is a flow diagram of a method of inferring
labels of expressions in images of a user captured by one or
more eye tracking sensors integrated in an HMD according
to some embodiments.

DETAILED DESCRIPTION

[0010] A processing system can infer user expressions
from unoccluded frontal images of the user’s face. Some
embodiments of the processing system can implement fea-
ture tracking and neural network algorithms to detect values
of parameters that indicate facial deformations, such as
action units that indicate states of muscle contraction in
independent muscle groups on the user’s face. For example,
a user’s facial expression can be characterized by values of
approximately 46 facial action units distributed around the
face. Occluding the user’s face with an HMD significantly
complicates the task of inferring user expressions based on
images of the user wearing the HMD. Several action unit
muscle groups are in the region of the user’s face that would
be occluded by an HMD and the occluded action units
include key indicators of emotion such as eyebrow raises,
cheek raises, winks, and squints. Specialized optical or
piezoelectric sensors can be incorporated into an HMD and
use to track facial expressions within the HMD. However,
currently-available commercial HMDs would need to be
modified to incorporate the specialized optical or piezoelec-
tric sensors. Expression data gathered from within the HMD
can be combined with images of the user captured by
external cameras to model user expressions, but this
approach also requires combining a conventional HMD with
additional hardware such as an external camera.

[0011] At least in part to address these drawbacks in the
conventional practice, a processing system can be trained to
label expressions from a set of user expressions associated
with a corresponding set of emotions using images (or other
sensor streams such as proximity sensors) representative of
a portion of a user’s face captured by eye tracking sensors
integrated in an HMD that occludes the portion of the user’s
face. In some embodiments, a machine learnt model predicts
labels of expressions (or action units) of the user in the
image captured by the eye tracking sensors. For example, a
convolutional neural network (CNN) algorithm can be
trained to identify labels of expressions in a live image of the
user from a set including anger, closed eyes, happiness,
neutral, and surprise. For another example, the CNN algo-
rithm can be trained to identify labels of action units from a
set including brow lower, upper lid raise, cheek raise, eyes
closed, left brow raise, left wink, neutral, right brow raise,
right wink, and squint. The action units used to determine
the current expression of the user correspond to muscle
groups that are visible to the eye trackers implemented in the
HMD. Action units for muscle groups that are not visible to
the eye tracking sensors, e.g., muscle groups in the forehead
region or in the mouth/jaw region, are not used to determine
the current expression of the user.

[0012] To train the machine learnt model, eye-tracking
sensors acquire images from a wide variety of individuals
while the users are wearing an HMD that incorporates one
or more eye tracking sensors. By requesting that the indi-
viduals evince certain action units or expressions (which
consist of ensembles of action units) while data are being
collected for each individual in the group, a correspondence
is established between the images of the individuals in the
group training data (the eye-tracking camera images) and the
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labels (the action unit or expression). Supervised learning is
used to train the machine learnt model to predict labels for
other acquired images based on the established correspon-
dence. Some embodiments of the machine learnt model are
trained to predict labels solely on the basis of an image of the
eye region of the user. For example, a subsequently acquired
(or live) image can be provided as input to the machine
learnt model, which then generates a predicted label in
response to the input. Some embodiments of the machine
learnt model are “personalized” by training the machine
learnt model to predict a label for an image of the user based
on the live image and a small set of personalization images
corresponding to a subset of expressions that are captured
when the user wears the headset for first time. For example,
the machine learnt algorithm can be trained to subtract a
mean neutral image of the user from the eye-tracker images
and then identify the label on the basis of the modified eye
tracker images. The mean neutral image is constructed based
on images acquired while the user has been instructed to
maintain a neutral emotion or a set of predetermined emo-
tions. The machine learnt model can also be trained to
predict labels for an image of the user based on other
combinations of personalization images such as images of
the user evincing a neutral expression, a surprised expres-
sion, and an angry expression.

[0013] Once trained, the machine learnt algorithm can
identify a current expression of a user from a live input
stream of images acquired by eye tracking sensors in the
HMD worn by the user. For example, the machine learnt
algorithm can generate labels of predicted expressions (or
action units) for the user in each image of a video stream
based solely on the input image captured by an eye tracking
sensor. If the machine learnt algorithm is personalized, the
machine learnt algorithm uses the images acquired from the
live input stream and previously acquired personalization
images of the user to identify the current expression of the
user. During an initialization procedure for the HMD, the
user is instructed to evince a series of expressions when the
user first puts on the HMD and the eye tracking sensor
captures the personalization images while the user is evinc-
ing the expressions. The captured personalization images (or
combinations or subset thereof) are then provided as addi-
tional inputs to the machine learnt algorithm, which uses the
input in combination with the live stream of images to
predict labels of the expressions of the user in the images.
For example, a mean neutral image of the user can be
subtracted from the acquired images before identifying
labels of expressions or action units in the modified images
from the live stream. In some embodiments, the current
expression is used to modify a representation of a 3-D model
of the user’s face or an avatar representative of the user to
reflect the current expression. In some embodiments, the
expressions that are inferred by the machine learnt algorithm
are used to evaluate the effectiveness of VR content in
eliciting a desired emotional response, adapt interactive
content to the current user emotional state, learn user behav-
ior model to inform creation of new VR content, and the like.

[0014] FIG.1 is a diagram illustrating a processing system
100 that is configured to infer labels of emotions corre-
sponding to facial expressions of the user 105 according to
some embodiments. The processing system 100 includes a
head mounted device (HMD) 110 that is worn by the user
105 and used to provide virtual reality (VR), augmented
reality (AR), or mixed reality (MR) content to the user 105.
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One or more eye tracking sensors 115 are integrated in the
HMD 110 so that the eye tracking sensors 115 are able to
track the eyes of the user 105 while the user is wearing the
HMD 110. Some embodiments of the eye tracking sensors
115 are able to measure eye positions or eye movement by
extracting the eye position and orientation from images in a
video stream captured by the eye tracking sensors 115. For
example, the eye tracking sensors 115 can include an infra-
red light source to generate light that is reflected from the
eye and sensed by a corresponding sensor in the eye tracking
sensors 115 to generate images of the eye, which are then
analyzed to determine the position and orientation of the eye
gaze. Some embodiments of the HMD 110 integrate other
sensors such as proximity sensors.

[0015] The processing system 100 also includes a proces-
sor 120 and a memory 125. The processor 120 is configured
to execute instructions, such as instructions stored in the
memory 125 and store the results of the instructions in the
memory 125. The processor 120 is also configured to
communicate with the HMD 110 over a communication link
130, which can be implemented as a wired connection, a
wireless connection, or a combination thereof. The proces-
sor 120 can provide information over the link 130 such as
values of pixels used to display the VR, AR, or MR images
at the HMD. The processor 120 can also receive information
over the link 130 such as images captured by the eye
tracking sensors 115. The processor 120 can then store the
received information in the memory 125. The processor 120
is also configured to render images based on the information
received from the HMD 110 or information accessed from
the memory 125. The images are rendered on a display 135.
Although the display 135 is depicted as a television screen
or a monitor in the interest of clarity, some embodiments of
the display are implemented in other devices such as cell
phones, tablet computers, head mounted displays (HMDs),
and the like.

[0016] The memory 125 is used to store information
representative of a machine learnt algorithm 140 that is used
to identify expressions or emotions in images of the user 105
captured by the eye tracking sensors 115. Some embodi-
ments of the machine learnt algorithm 140 are implemented
as a convolutional neural network (CNN) algorithm. The
machine learnt algorithm 140 is trained to infer labels of
expressions of the user 105 using images of other users that
are captured concurrently with the other users evincing a
predetermined set of expressions associated with emotions
such as anger, closed eyes, happiness, neutral, and surprise.
For example, the other users can be told to mimic the
predetermined set of expressions while wearing an HMD
such as the HMD 110. For another example, the other users
can be shown images of the predetermined set of expres-
sions and then asked to mimic the expressions while wearing
an HMD such as the HMD 110. An eye tracking sensor such
as the eye tracking sensors 115 shown in FIG. 1 captures the
images concurrently with the user evincing the predeter-
mined set of expressions. The machine learnt algorithm 140
is then trained to predict labels of the emotions based on the
established correspondence between the images of the users
and the emotions being expressed by the users in those
images.

[0017] In some embodiments, the machine learnt algo-
rithm 140 is “personalized” based on subsets of the images
of the other users. For example, the machine learnt algo-
rithm 140 can “learn” to improve the accuracy of the
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predicted labels of the emotions of a particular user by
combining the subsets of the images of the other users with
a subset of the images of the particular user. One example of
a subset is a subset of the images that include images of the
particular user while evincing a neutral expression. The
neutral expression images can then be averaged (e.g., by
averaging corresponding pixel values in the images) to
define a mean neutral expression for the particular user. The
machine learnt algorithm 140 can improve the accuracy of
the predicted label of the emotion and an image of the
particular user by subtracting the mean neutral image from
the image of the particular user and then predicting the label
on the basis of the modified image. For example, input (P(I))
to the machine learnt algorithm 140 can be derived from:

1
P =1- I

s

where I is the original image for the user (u) and N is the set
of neutral images for the user. Other subsets can also be used
instead of or in addition to the set of neutral images. The
subsets can be predetermined (e.g., by an engineer) or the
subsets can be determined by the machine learnt algorithm
140 during the training process.

[0018] The trained machine learnt algorithm 140 is then
used to infer labels of the expressions of the user 110 based
on images captured by the eye tracking sensors 115 while the
user 105 is wearing the HMD 110. Some embodiments of
the machine learnt algorithm 140 are trained as a variant of
the Inception architecture using the TensorFlow library. For
example, the machine learnt algorithm 140 can be trained
using a predetermined learning rate that decays stepwise by
a predetermined step value for every epoch. To prevent
overfitting, an aggressive 1.2 weight decay can be selected.
A softmax cross-entropy function can be used as the loss
along with .2 regularization:

C

v
_%Z Z [Y2logd, — (1 — ylog(l = ;)1 + %Z W

n=l c=1 w

Liw) =

where N is the number of samples, C are the classes, y.” and
y,° are respectively the ground-truth label and softmax
activation of the ¢ class for the n” sample, and w are the

network weights.

[0019] Some embodiments of the HMD 110 provide infor-
mation representative of the images captured by the eye
tracking sensors 115 over the link 130 to the processor 120.
For example, the images can be part of a live video stream
of images captured in real-time by the eye tracking sensors
115. The information received over the link 130 can be
stored in the memory 125. Some embodiments of the
machine learnt algorithm 140 compare values of parameters
derived from the images of the user 110 with values of
parameters that indicate facial deformations corresponding
to the predetermined set of expressions. For example, values
of action units derived from the images can be compared
with values of action units (or ranges of values) that are
associated with each expression in the predetermined set.
The machine learnt algorithm 140 identifies one expression
from the predetermined set that produces a best match
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between the values of the parameters derived from the image
of'the user 110 and the values of the parameters that indicate
the facial deformation corresponding to the identified
expression. Some embodiments of the parameters are action
units associated with a portion of the face of the user 110 that
is visible to the eye tracking sensors 115. For example, the
parameters can include action units from a set including
brow lower, upper lid raise, cheek raise, eyes closed, left
brow raise, left wink, neutral, right brow raise, right wink,
and squint. The values of the action units indicate degrees of
each characteristic, e.g., a large value of the brow lower
action unit indicates that the brow is more lowered (relative
to a neutral expression) and a small value of the brow lower
action unit indicates that the brow is less lowered (relative
to the neutral expression).

[0020] If the machine learnt algorithm 140 has been
personalized, the user 105 is asked to evince a subset of the
predetermined set of expressions, such as a neutral expres-
sion, during an initialization procedure for the HMD 110.
For example, prior to beginning a VR, AR, or MR session,
the user 105 can be asked to evince the subset of expressions
that are used to personalize the machine learnt algorithm 140
and the eye tracking sensors 115 can capture images of the
user 105 concurrently with evincing the subset of expres-
sions. The personalized images 145 are stored in the
memory 125. The machine learnt algorithm 140 can then
infer labels of the emotions of the user 105 by combining the
personalized images 145 with images captured by the eye
tracking sensors 115. For example, the machine learnt
algorithm 140 can infer labels of the emotions of the user
105 in a live input image stream by subtracting a mean
neutral image from the live images and inferring the labels
of the emotions from the modified images. As discussed
herein, the machine learnt algorithm 140 can also infer
labels of emotions on the basis of personalization images
145 associated with other expressions and using other com-
binations of the personalization images 145 with the cap-
tured images.

[0021] FIG. 2 illustrates a display system 200 that includes
an electronic device 205 configured to provide VR, AR, or
MR functionality via a display according to some embodi-
ments. The illustrated embodiment of the electronic device
205 can include a portable user device, such as an HMD, a
tablet computer, computing-enabled cellular phone (e.g., a
“smartphone”), a notebook computer, a personal digital
assistant (PDA), a gaming console system, and the like. In
other embodiments, the electronic device 205 can include a
fixture device, such as medical imaging equipment, a secu-
rity imaging sensor system, an industrial robot control
system, a drone control system, and the like. For ease of
illustration, the electronic device 205 is generally described
herein in the example context of an HMD system; however,
the electronic device 205 is not limited to these example
implementations.

[0022] The electronic device 205 is shown in FIG. 2 as
being mounted on a head 210 of a user. The electronic device
205 is therefore used to implement some embodiments of
the HMD 110 shown in FIG. 1. As illustrated, the electronic
device 205 includes a housing 215 that includes a display
220 that generates an image for presentation to the user. In
the illustrated embodiment, the display 220 is formed of a
left display 221 and a right display 222 that are used to
display stereoscopic images to corresponding left eye and
right eye. However, in other embodiments, the display 220
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is a single monolithic display 220 that generates separate
stereoscopic images for display to the left and right eyes.
The electronic device 205 also includes eyepiece lenses 225
and 230 disposed in corresponding apertures or other open-
ings in a user-facing surface 235 of the housing 215. The
display 220 is disposed distal to the eyepiece lenses 225 and
230 within the housing 215. The eyepiece lens 225 is aligned
with the left eye display 221 and the eyepiece lens 230 is
aligned with the right eye display 222.

[0023] In a stercoscopic display mode, imagery is dis-
played by the left eye display 221 and viewed by the user’s
left eye via the eyepiece lens 225. Imagery is concurrently
displayed by the right eye display 222 and viewed by the
user’s right eye via the eyepiece lens 225. The imagery
viewed by the left and right eyes is configured to create a
stereoscopic view for the user. Some embodiments of the
displays 220, 221, 222 are fabricated to include a bezel (not
shown in FIG. 2) that encompasses one or more outer edges
of the displays 220, 221, 222. In that case, the lenses 225,
230 or other optical devices are used to combine the images
produced by the displays 220, 221, 222 so that bezels around
the displays 220, 221, 222 are not seen by the user. Instead,
lenses 225, 230 merge the images to appear continuous
across boundaries between the displays 220, 221, 222.
[0024] Some or all of the electronic components that
control and support the operation of the display 220 and
other components of the electronic device 205 are imple-
mented within the housing 215. Some embodiments of the
electronic device 205 include one or more sensors 240, 245
that are used to detect a position or orientation of the
electronic device 205. Although two sensors 240, 245 are
shown in the interest of clarity, the electronic device 205 can
include more or fewer sensors. The sensors 240, 245 can
include accelerometers, magnetometers, gyroscopic detec-
tors, position sensors, infrared sensors, and the like, which
can be implemented as micro-electrical-mechanical
(MEMS) sensors.

[0025] The electronic device 205 also implements eye
tracking sensors 250, 251 that are configured to track
movements and positions of the eyes of the user 210 by
measuring the point of gaze of the user 210 or measuring the
motion of the eyes relative to the head of the user 210. As
discussed herein, some embodiments of the eye tracking
sensors 250, 251 implement a non-contact, optical method
for measuring eye motion. However, other types of eye
trackers can also be used to track movements and positions
of the eyes of the user 210. For example, eye motion can be
detected using eye attachments such as specially designed
contact lenses, electrodes that are placed proximate the eyes,
and the like. Some embodiments of the electronic device 205
also implement other sensors such as a proximity sensor that
can be used to detect facial deformations. Images captured
by the eye tracking sensors 250, 251 are provided to a
processing system such as the processing system 100 shown
in FIG. 1. For example, a live stream of images captured by
the eye tracking sensors 250. 251 while the user 210 is using
the electronic device 205 can be provided to a processor,
such as the processor 120 shown in FIG. 1, which imple-
ments a machine learnt algorithm to infer labels of emotions
evinced by the user 105 while wearing the electronic device
205, as discussed herein.

[0026] FIG. 3 illustrates a set 300 of facial expressions of
a user that can be inferred using a machine learnt algorithm
according to some embodiments. The facial expressions
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include a neutral expression 301, an angry expression 302,
a surprised expression 303, a happy expression 304, and a
closed-eyes expression 305. The neutral expression 301 is
characterized by a neutral eyebrow position, no cheek raise,
and a neutral eyelid position (e.g., no raises, winks, or
squints). The angry expression 302 is characterized by a
lowered eyebrow position, no cheek raise, and narrowed
eyelids. The surprised expression 303 is characterized by a
raised eyebrow position, no cheek raise, and widened eye-
lids. The happy expression 304 is characterized by a neutral
or slightly lowered eyebrow position, a high degree of cheek
raise, and neutral or slightly narrowed eyelids. The closed-
eyes expression 304 is characterized by closed eyelids.
Additional characteristics of the facial expressions in the set
300, such as measures of other action units, can be used to
further characterize the corresponding expressions in some
cases.

[0027] The expressions 301-305 can be represented by
values of parameters that indicate facial deformations of the
plurality of first users evincing the plurality of expressions.
For example, numerical values can be used to represent
values of action units such as eyebrow raises, cheek raises,
winks, and squints in the expressions 301-305. A machine
learnt algorithm can then infer labels of the expressions that
indicate the corresponding emotions by analyzing the
numerical values generated from images of the user captured
by one or more eye tracking sensors while the user is
evincing the expressions 301-305. As discussed herein, eye
tracking sensors in an HMD are only able to capture images
of portions of the user’s face in the region near the user’s
eyes. Thus, the machine learnt model is trained to infer
labels of the expressions 301-305 based on characteristics of
the portion of the user’s face that is visible to the eye
tracking sensors in the HMD. The machine learnt model is
not constrained to use any particular set of characteristics, or
even characteristics that a human would find sensible, to
infer the labels of the expressions 301-305. For example, the
machine learnt model can be configured to identify features
that are used to infer labels of the expressions 301-305 as
part of the machine learning process.

[0028] FIG. 4 illustrates a process 400 of inferring a label
of'an expression based on an image of a portion of the user’s
face that is visible to eye tracking sensors in an HMD worn
by the user according to some embodiments. The process
400 is performed by some embodiments of the processing
system 100 shown in FIG. 1. An eye tracking sensor such as
the eye tracking sensor 115 shown in FIG. 1 captures an
image 405 of a portion of the user’s face. The process 400
infers the label of the expression shown in the image 405
using a machine learnt algorithm that is trained to infer the
labels based on personalization images. For example, the
process 400 can infer the label based on a personalization
image 410 that represents a mean neutral image of the user.
However, some embodiments of the machine learnt algo-
rithm use other personalization images in addition to the
personalization image 410. Furthermore, some embodi-
ments of the machine learnt algorithm do not use a person-
alization image 410 to infer the label of the expression of the
user.

[0029] The machine learnt algorithm combines the cap-
tured image 405 and the personalization image 410 to form
a combined image 415. In the illustrated embodiment, the
machine learnt algorithm can subtract the personalization
image 410 (which in this case is a mean neutral image of the
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user) from the captured image 405 to form the combined
image 415. However, in other embodiments the machine
learnt algorithm can use other combinations of the captured
image 405 with one or more personalization images 410 to
generate the combined image 415. As discussed herein, the
combinations can be predetermined or the combinations can
be chosen by the machine learnt algorithm. For example, the
machine learnt algorithm can generate (positive or negative)
weights that are applied to a neutral image, a happy image,
and an angry image of the user to generate a personalization
image 410 that is then combined with the captured image
405 to form the combined image 415.

[0030] A distribution 420 of probabilities of different
expressions is generated by the machine learnt algorithm.
For example, the distribution 420 indicates a probability 421
that the image of the user indicates a neutral expression, a
probability 422 that the image indicates an angry expression,
a probability 423 that the image indicates an eyes-closed
expression, a probability 424 that the image indicates a
happy expression, and a probability 425 that the image
indicates a surprised expression. The probabilities of the
different expressions can be determined by comparing val-
ues of parameters derived from the combined image 415
(such as action units that indicate facial deformations) with
corresponding values of the parameters that have been
learned by the machine learnt algorithm during the training
procedure. In the illustrated embodiment, the probability
422 is larger than any of the other probabilities 421, 423,
424, 425. The angry expression therefore corresponds to a
best match between the values of the parameters derived
from the combined image 415 and the values of the param-
eters that indicate the facial deformations corresponding to
an angry expression. The machine learnt algorithm therefore
infers that the expression in the image 405 is labeled as an
angry expression.

[0031] In some embodiments, the inferred label of the
expression is used to modify a representation of the user to
reflect the current expression. For example, the user can be
represented by an avatar 430, which is given an angry
expression to reflect the angry expression inferred by the
machine learnt algorithm from the image 405 captured by
the eye tracking sensor. For another example, a 3-D model
ofthe user’s face can be modified based on the inferred label
to reflect the most likely emotion of the user. In some
embodiments, the expressions that are inferred by the
machine learnt algorithm are used to evaluate the effective-
ness of VR, AR, or MR content in eliciting a desired
emotional response, adapt interactive content to the current
user emotional state, learn user behavior model to inform
creation of new VR, AR, or MR content, and the like.

[0032] FIG. 5 illustrates a set 500 of avatars that are
modified to reflect an inferred expression of the user accord-
ing to some embodiments. The expressions of the user can
be inferred from images captured by an eye tracking sensor
using some embodiments of the processing system 100
shown in FIG. 1 and the process 400 shown in FIG. 4. For
example, the avatar 505 is modified to present an angry
expression that corresponds to a label of an angry expression
inferred by a machine learnt algorithm from the image 510
of the user. For another example, the avatar 515 is modified
to present a happy expression that corresponds to a label of
a happy expression inferred by the machine learnt algorithm
from the image 520 of the user. For another example, the
avatar 525 is modified to present a surprised expression that
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corresponds to a label of a surprised expression inferred by
the machine learnt algorithm from the image 530 of the user.
[0033] FIG. 6 is a flow diagram of a method 600 of
training a machine learnt algorithm to infer labels of expres-
sions in images of one or more users captured by an eye
tracking sensor according to some embodiments. The
method 600 is implemented in some embodiments of the
processing system 100 shown in FIG. 1. Training is per-
formed based on images captured by one or more eye
tracking sensors (or other sensors such as proximity sensors)
integrated in an HMD worn by one or more users.

[0034] At block 605, a user is instructed to evince a
selected expression from a set of expressions that includes
expressions such as a neutral expression, a happy expres-
sion, an angry expression, a surprised expression, and eyes-
closed expression, and the like. The instructions can be
provided in written form, in spoken form, or using images
that illustrate the expressions. At block 610, the eye tracking
sensors capture an image of the user concurrently with the
user evincing the selected expression. In some cases, not all
of the users are able to evince all of the expressions in the
set of expressions. For example, not everyone is able to do
a right brow raise or a left brow raise. Some expressions may
therefore be bypassed for some users. However, the machine
learnt algorithm can be effectively trained even in cases
where some of the users do not evince all of the expressions
in the set of expressions.

[0035] At decision block 615, the system determines
whether there are additional expressions in the set. If so, the
method 600 flows to block 605 and the user is instructed to
evince another expression from the set. If not and the user
has evinced all of the expressions in the set during the
capture process, the method 600 flows to decision block 620.
[0036] At decision block 620, the system determines
whether there are additional users in the group of users that
are used to train the machine learnt algorithm. If so, the
method 600 flows to block 605 and the next user is
instructed to evince an expression selected from the set. If
not, the method flows to block 625. Although the method
600 is used to capture images of a sequence of users wearing
the same HMD during subsequent time intervals, this is not
required in all embodiments of the method 600. For
example, images of multiple users evincing the set of
expressions can be captured using multiple HMDs worn by
the multiple users. Images of the multiple users wearing the
different HMDs can be captured during different time inter-
vals or concurrently.

[0037] At block 625, a subset of the images of the users is
selected and used to personalize the machine learnt algo-
rithm. For example, neutral images of each of the users can
be selected and used to generate a mean neutral image. As
discussed herein, the images can be predetermined or
selected as part of the supervised learning process that is
used to train the machine learnt algorithm. The block 625 is
optional (as indicated by the dotted line box) and is not
required to train embodiments of the machine learnt algo-
rithm that do not implement personalization.

[0038] At block 630, the personalization images for each
of'the users in the group of users are combined with the other
captured images to form personalized data sets for each of
the users in the group. For example, mean neutral images for
each of the users in the group can be subtracted from the
captured images to form a personalized data set for each of
the users. As discussed herein, other combinations of the
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subset of images can be used to form the personalization
images for each user. The block 630 is optional (as indicated
by the dotted line box) and is not required to train embodi-
ments of the machine learnt algorithm that do not implement
personalization.

[0039] At block 635, supervised learning is used to train
the machine learnt algorithm to infer labels of expressions in
captured images of the users. In the interest of clarity, the
blocks 625, 630, 635 are depicted as sequential steps in the
method 600. However, supervised learning of some embodi-
ments of the machine learnt algorithm includes selecting the
subset of images that form the personalization images,
determining the combinations of the personalization images
and captured images that are used to infer the labels of the
expressions, and then training the machine learnt algorithm
to infer the labels on the basis of the identify combinations
of the personalization images.

[0040] At block 640, a representation of the machine
learnt algorithm is stored in a non-transitory computer
readable medium, such as the memory 125 shown in FIG. 1.
[0041] FIG. 7 is a flow diagram of a method 700 of
inferring labels of expressions in images of a user captured
by one or more eye tracking sensors integrated in an HMD
according to some embodiments. The method 700 is imple-
mented in some embodiments of the processing system 100
shown in FIG. 1. For example, the method 700 can be
implemented using a processor such as some embodiments
of the processor 120 shown in FIG. 1.

[0042] At block 705, the user is asked to evince a subset
of expressions and the one or more eye tracking sensors in
the HMD capture images of the user concurrently with the
user evincing the subset. For example, the HMD can be used
to display pictures representing the subset of expressions
and the user can be instructed to evince the corresponding
expressions of the eye tracking sensors capture images of the
user. Capture of the personalization images at block 705 can
be performed during an initialization procedure that is
performed the first time the user puts on the HMD. The
block 705 is optional (as indicated by the dotted line box)
and is not required in embodiments that do not implement
personalization.

[0043] At block 710, an image of the user is captured by
the one or more eye tracking sensors. For example, the eye
tracking sensors can capture an image that is part of a live
stream of images representative of a portion of the user’s
face that is visible to the eye tracking sensors from within
the HMD while the user is wearing the HMD. The captured
image is stored or otherwise made available to the processor
for subsequent processing.

[0044] At block 715, the processor combines the captured
image with the personalization image. For example, the
processor can subtract a mean neutral image from the
captured image, as discussed herein. The block 715 is
optional (as indicated by the dotted line box) and is not
required in embodiments that do not implement personal-
ization.

[0045] At block 720, the processor applies a machine
learnt algorithm to infer a label of an expression of the user
in the captured image. If personalization is implemented, the
machine learnt algorithm infers the label of the expression
on the basis of the modified image formed by combining the
captured image with the personalization image. For
example, the machine learnt algorithm can infer a label
indicating a neutral expression, and anger expression, a
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happy expression, a surprised expression, a close-eyes
expression, and the like. Some embodiments of the machine
learnt algorithm are trained according to the method 600
shown in FIG. 6.

[0046] At block 725, the processor modifies a representa-
tion of the user based on the inferred label of the expression
in the captured image. For example, the processor can
modify an avatar of the user to represent an emotion
corresponding to the inferred label. The block 725 is
optional (as indicated by the dotted line box) and is not
required in all embodiments of the method 700. For
example, the inferred label of the expression can be used for
other purposes such as evaluating effectiveness of content
viewed by the user wearing the HMD in eliciting a desired
emotional response, adapting interactive content viewed by
the user wearing the HMD based on the inferred label, and
generating a user behavior model to inform creation of
content for viewing by the user wearing the HMDs.

[0047] At decision block 730, the processor determines
whether there are additional images to process. For example,
if the processor is inferring labels of expressions in a live
stream of images, the processor can determine that the next
image has arrived from the eye tracking sensors for pro-
cessing. If so, the method 700 flows to block 710. If not, the
method 700 flows to block 735 and the method 700 ends.

[0048] In some embodiments, certain aspects of the tech-
niques described above may implemented by one or more
processors of a processing system executing software. The
software comprises one or more sets of executable instruc-
tions stored or otherwise tangibly embodied on a non-
transitory computer readable storage medium. The software
can include the instructions and certain data that, when
executed by the one or more processors, manipulate the one
or more processors to perform one or more aspects of the
techniques described above. The non-transitory computer
readable storage medium can include, for example, a mag-
netic or optical disk storage device, solid state storage
devices such as Flash memory, a cache, random access
memory (RAM) or other non-volatile memory device or
devices, and the like. The executable instructions stored on
the non-transitory computer readable storage medium may
be in source code, assembly language code, object code, or
other instruction format that is interpreted or otherwise
executable by one or more processors.

[0049] A computer readable storage medium may include
any storage medium, or combination of storage media,
accessible by a computer system during use to provide
instructions and/or data to the computer system. Such stor-
age media can include, but is not limited to, optical media
(e.g., compact disc (CD), digital versatile disc (DVD),
Blu-Ray disc), magnetic media (e.g., floppy disc, magnetic
tape, or magnetic hard drive), volatile memory (e.g., random
access memory (RAM) or cache), non-volatile memory
(e.g., read-only memory (ROM) or Flash memory), or
microelectromechanical systems (MEMS)-based storage
media. The computer readable storage medium may be
embedded in the computing system (e.g., system RAM or
ROM), fixedly attached to the computing system (e.g., a
magnetic hard drive), removably attached to the computing
system (e.g., an optical disc or Universal Serial Bus (USB)-
based Flash memory), or coupled to the computer system via
awired or wireless network (e.g., network accessible storage

(NAS)).



US 2018/0314881 Al

[0050] Note that not all of the activities or elements
described above in the general description are required, that
a portion of a specific activity or device may not be required,
and that one or more further activities may be performed, or
elements included, in addition to those described. Still
further, the order in which activities are listed are not
necessarily the order in which they are performed. Also, the
concepts have been described with reference to specific
embodiments. However, one of ordinary skill in the art
appreciates that various modifications and changes can be
made without departing from the scope of the present
disclosure as set forth in the claims below. Accordingly, the
specification and figures are to be regarded in an illustrative
rather than a restrictive sense, and all such modifications are
intended to be included within the scope of the present
disclosure.

[0051] Benefits, other advantages, and solutions to prob-
lems have been described above with regard to specific
embodiments. However, the benefits, advantages, solutions
to problems, and any feature(s) that may cause any benefit,
advantage, or solution to occur or become more pronounced
are not to be construed as a critical, required, or essential
feature of any or all the claims. Moreover, the particular
embodiments disclosed above are illustrative only, as the
disclosed subject matter may be modified and practiced in
different but equivalent manners apparent to those skilled in
the art having the benefit of the teachings herein. No
limitations are intended to the details of construction or
design herein shown, other than as described in the claims
below. It is therefore evident that the particular embodiments
disclosed above may be altered or modified and all such
variations are considered within the scope of the disclosed
subject matter. Accordingly, the protection sought herein is
as set forth in the claims below.

What is claimed is:

1. A method comprising:

capturing images of a plurality of users concurrently with

the plurality of users evincing a plurality of expres-
sions, wherein the images are captured using at least
one eye tracking sensor implemented in at least one
head mounted device (HMD) worn by the plurality of
users; and

training a machine learnt algorithm to predict labels

indicative of emotions based on the images and the
plurality of expressions.

2. The method of claim 1, wherein training the machine
learnt algorithm comprises training a convolutional neural
network algorithm.

3. The method of claim 1, wherein the plurality of
expressions correspond to values of parameters that indicate
facial deformations of the plurality of users evincing the
plurality of expressions.

4. The method of claim 3, wherein the values of the
parameters comprise values of action units that indicate
states of muscle contraction in independent muscle groups
on the faces of the plurality of users.

5. The method of claim 1, further comprising:

forming at least one personalization image for each of the

users based on a subset of the plurality of expressions;
and

training the machine learnt algorithm to predict the labels

indicative of the emotions based on the at least one
personalization image and the plurality of expressions.
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6. The method of claim 5, wherein training the machine
learnt algorithm comprises training the machine learnt algo-
rithm to predict the labels indicative of the emotions based
on a mean neutral image of the user that is formed using the
at least one personalization image and subtracted from the
plurality of images.

7. The method of claim 1, further comprising:

storing information representative of the trained machine

learnt algorithm in a non-transitory computer readable
medium.

8. A method comprising:

capturing a first image of a first user using an eye tracking

sensor implemented in a head mounted device (HMD)
worn by the first user; and
inferring a label of an expression evinced by the first user
in the first image using a machine learnt algorithm
trained to predict labels of a plurality of expressions
using second images of a plurality of second users
concurrently with the plurality of second users evincing
the plurality of expressions, and wherein the second
images are captured using at least one eye tracking
sensor implemented in at least one HMD worn by the
plurality of second users.
9. The method of claim 8, wherein the machine learnt
algorithm comprises a convolutional neural network algo-
rithm.
10. The method of claim 8, wherein the plurality of
expressions correspond to values of parameters that indicate
facial deformations of the plurality of second users evincing
the plurality of expressions.
11. The method of claim 10, wherein inferring the label of
the expression evinced by the first user comprises comparing
values of the parameters derived from the first image with
the values of the parameters that indicate the facial defor-
mations corresponding to the plurality of expressions.
12. The method of claim 11, wherein inferring the label of
the expression evinced by the first user comprises identify-
ing one of the plurality of expressions that corresponds to a
best match between the values of the parameters derived
from the first image and the values of the parameters that
indicate the facial deformation corresponding to the identi-
fied one of the plurality of expressions.
13. The method of claim 12, wherein the values of the
parameters comprise values of action units that indicate
states of muscle contraction in independent muscle groups
on the faces of the plurality of second users.
14. The method of claim 8, further comprising:
accessing at least one personalization image of the first
user evincing a subset of the plurality of expressions,
wherein the at least one personalization image is cap-
tured using an eye tracking sensor implemented in an
HMD worn by the first user;

combining the at least one personalization image with the
first image to form a modified first image; and

inferring the label of the expression evinced by the first
user in the first image by applying the machine learnt
algorithm to the modified first image.

15. The method of claim 14, wherein the machine learnt
algorithm is trained to predict the labels indicative of the
emotions based on the subset of the plurality of expressions.

16. The method of claim 15, wherein combining the at
least one personalization image with the first image com-
prises generating a mean neutral image of the first user using
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the at least one personalization image and subtracting the
mean neutral image from the first image.

17. The method of claim 8, further comprising:

modifying at least one of a representation of a three-

dimensional (3-D) model of the first user’s face or an
avatar representative of the user based on the inferred
label of the expression.

18. The method of claim 8, further comprising:

utilizing the inferred label of the expression to perform at

least one of evaluating effectiveness of content viewed
by the first user wearing the HMD in eliciting a desired
emotional response, adapting interactive content
viewed by the first user wearing the HMD based on the
inferred label of the expression, and generating a user
behavior model to inform creation of content for view-
ing by the first user wearing the HMDs.

19. A non-transitory computer readable storage medium
embodying a set of executable instructions, the set of
executable instructions to manipulate at least one processor
to:

access, from a memory, images of a plurality of first users

concurrently with the plurality of first users evincing a
plurality of expressions, wherein the images are cap-
tured using at least one eye tracking sensor imple-
mented in at least one head mounted device (HMD)
worn by the plurality of first users; and

train a machine learnt algorithm to predict labels indica-

tive of expressions based on the images and the plu-
rality of expressions.

20. The non-transitory computer readable storage medium
of claim 19, wherein the set of executable instructions is to
manipulate the at least one processor to:

form at least one personalization image for each of the

users based on a subset of the plurality of expressions;
and

train the machine learnt algorithm to predict the labels

indicative of the emotions based on the at least one
personalization image and the plurality of expressions.

21. The non-transitory computer readable storage medium
of claim 19, wherein the set of executable instructions is to
manipulate the at least one processor to:

store information representative of the trained machine

learnt algorithm in the memory.

22. A non-transitory computer readable storage medium
embodying a set of executable instructions, the set of
executable instructions to manipulate at least one processor
to:
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capture a first image of a first user using an eye tracking
sensor implemented in a head mounted device (HMD)
worn by the first user; and

infer a label of an expression evinced by the first user in

the first image using a machine learnt algorithm trained
to predict labels of a plurality of expressions using
second images of a plurality of second users concur-
rently with the plurality of second users evincing the
plurality of expressions, and wherein the second
images are captured using at least one eye tracking
sensor implemented in at least one HMD worn by the
plurality of second users.

23. The non-transitory computer readable storage medium
of claim 22, wherein the plurality of expressions correspond
to values of parameters that indicate facial deformations of
the plurality of second users evincing the plurality of expres-
sions, and wherein the set of executable instructions is to
manipulate the at least one processor to compare values of
the parameters derived from the first image with the values
of the parameters that indicate the facial deformations
corresponding to the plurality of expressions.

24. The non-transitory computer readable storage medium
of claim 23, wherein the set of executable instructions is to
manipulate the at least one processor to identify one of the
plurality of expressions that corresponds to a best match
between the values of the parameters derived from the first
image and the values of the parameters that indicate the
facial deformation corresponding to the identified one of the
plurality of expressions.

25. The non-transitory computer readable storage medium
of claim 24, wherein the values of the parameters comprise
values of action units that indicate states of muscle contrac-
tion in independent muscle groups on the faces of the
plurality of second users.

26. The non-transitory computer readable storage medium
of claim 22, wherein the set of executable instructions is to
manipulate the at least one processor to:

access at least one personalization image of the first user

evincing a subset of the plurality of expressions,
wherein the at least one personalization image is cap-
tured using an eye tracking sensor implemented in an
HMD worn by the first user;

combine the at least one personalization image with the

first image to form a modified first image; and

infer the label of the expression evinced by the first user

in the first image by applying the machine learnt
algorithm to the modified first image.
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